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RL can be used to solve a wide
scope of problems, where, the
agent has been observed to learn
gradually and eventually exceed
human control. We can observe
below the comparison of
numerous Atari game RL is used

:
.
at human-level or above
below human-level
.
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The Primary Challenge in RL

The major challenge in RL is that, we are exposing the agent to
an unknown environment where, it doesn’t know the
consequences of it’s actions and also, it has no idea about what
state it is in. It just receives the reward when performing an
action, and has to make decisions based on them. Hence, it
becomes difficult for the agent firstly, to get familiar with the
environment and then to optimize it’s policy.

** Lunar Lander

Problem: The pendulum is inverted and
randomly swings to any direction.

Goal: To control the pendulum to keep

it always in upright direction

* Bipedal Walker

Problem: This is a robot walker
environment learning to move forward.

Goal: To move the robot forward.

Deep Deterministic Policy Gradient
(DDPG)

* DDPG is a model-free off-policy actor-critic algorithm,
combining Deterministic Policy Gradient (DPG) with Deep
Q-Network (DQN).

* DAQN stabilizes the learning of Q-function by experience
replay and frozen target network.

* DQN works in discrete space, and DDPG extends it to
continuous space with the actor-critic framework while
learning a deterministic policy.

* DDPG is a policy gradient algorithm that uses a stochastic
behavior policy for good exploration but estimates a

deterministic target policy.

* It performs policy iteration to evaluate the policy, and then

gradually learns to maximize it’s rewards within the span of
300- 350 episodes, by the end of which, it learns to get
maximum possible scores. Although, in case of Bipedal
Environment, it is observed that the learning is a bit
overfitted. This could be adjusted by tuning the hyper-
parameters of the neural nets.

When comparing the Lunar Lander environments tested for
DDPG, DQN and DDQN Environments, it is quite evident from
the graphs that the rate of learning by the agent is
comparatively better in DDPG with a continuous action
space, rather that the discrete space in case of DQN and
DDQN.
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